Background {#Sec1}
==========

Chronic diseases are among the most costly and harmful worldwide and are currently the leading cause of death and disability. Cancers, cardiovascular diseases (CVD) and diabetes are among some of the most prevalent of these chronic diseases \[[@CR1]\]. In 2017, CVD alone accounted for nearly 30% of all deaths in Australia---deaths that were largely preventable \[[@CR2]\]. In the same year, the European Heart Network reported that in Europe, CVD accounted for 47% of all deaths \[[@CR3]\]. Poor diet, physical inactivity, alcohol use and smoking have long been recognised as key behavioural risks associated with chronic disease and life expectancy lost \[[@CR4]--[@CR6]\]. In more recent years, sedentary behaviour (sitting and screen time) \[[@CR7], [@CR8]\] and unhealthy sleep patterns \[[@CR9]\] have emerged as significant contributors to the onset of chronic disease (i.e. 'the Big 6'). Valid measurement and self-monitoring of these risk behaviours are central to successful chronic disease risk-reduction interventions, and meta-analyses provide evidence for the efficacy of self-monitoring of diet, physical activity, weight, and tobacco and alcohol use towards this end \[[@CR10]--[@CR13]\]. However, measurement of many of these health behaviours can be difficult and burdensome to participants. Traditional measurement techniques using pen-and-paper and in-person assessment of health behaviours are also often subject to problems such as recall bias, with respondents forgetting to record data or recording information incorrectly or losing information \[[@CR14]\]. Alternate measurement techniques are needed to try to increase compliance and accuracy with recording data, reduce respondent burden and increase the quality and detail of health behaviour information it is possible to collect.

Smartphones have become an integral part of many people's lives, with 45.12% of the global population in 2020 \[[@CR15]\] and 81% of the US adult population in 2019 \[[@CR16]\] owning a smartphone. Smartphone applications (apps) and wearable devices are often used daily by individuals to record and measure a wide range of health behaviours \[[@CR17]\]. However, currently, smartphones are the most common way to self-monitor health behaviours, as ownership rates of wearable devices remain comparatively low, with only 10.5% of the global population and 21% of the US adult population \[[@CR18]\] owning a wearable device in 2019 \[[@CR19]\]. As of 2017, there were over 318,000 smartphone health apps available on the major app stores, many of which allow users to record or measure their health behaviours, with this number continuing to grow by over 200 apps every day \[[@CR20]\].

Innovations in technology have more recently seen a wide range of sensors (accelerometers, gyroscopes, light sensors, GPS and magnetometers) incorporated into smartphones as standard features, which makes the smartphone capable of continuously monitoring users' context (e.g. physical activity, location and environment). The data generated by these sensors and participants' phone use (e.g. if the phone screen is on or off, in-phone communication and gestures used) can be collected 'passively', without the active involvement of the phone user, and can be used to generate information about phone users' behaviours \[[@CR21]\]. This allows opportunities for more in-depth, accurate and less invasive data collection of health behaviours. These approaches also provide opportunities to objectively measure some behaviours that previously have been too difficult or burdensome for participants to measure (e.g. physical activity and sleep) and could help to identify behaviours that are being engaged in at levels considered risky to short- and long-term health and wellbeing.

Smartphone technologies also provide opportunities for 'just-in-time' adaptive interventions where tailored support can be provided 'in the moment' to participants, allowing the relevant support material to be delivered to a person at the time and in a context when it is most salient \[[@CR22]\]. For example, the same app that passively monitors user physical activity over time could also be programmed to provide a brief, motivational intervention to increase activity, if that physical activity drops below a pre-defined level for that user. With increasing evidence suggesting both the preventative and risk-reduction effects of exercise, sleep and diet on mental health \[[@CR23]--[@CR27]\], the potential for such 'closed loop systems' that both monitor and intervene is high and broader than the target behaviour or activity that is being monitored. However, accurately measuring key lifestyle behaviours in real time using smartphones is hampered by a lack of understanding of the validity of smartphones to measure these behaviours, inducing a lack of consensus around which behaviours are most important to monitor (what), which sensors are the most reliable to monitor (how) and what behaviour change thresholds warrant an intervention (when). Moreover, there is no consensus on how raw sensor data should be translated to a higher level metric. The lifestyle behaviours of interest in the proposed review are highly complex, and it is unlikely that any one individual sensor will be able to act as a reliable and accurate proxy for the behaviour of interest.

To address current knowledge gaps, the proposed review aims to systematically identify and evaluate the existing literature reporting on the measurement properties of smartphone-based approaches to measure diet, physical activity, sedentary behaviour (sitting and screen time), alcohol use, tobacco use and sleep. The specific objectives of this review are to: Identify and describe the ways in which tobacco use, alcohol use, physical activity, diet, sedentary behaviour and sleep patterns have been measured using smartphone technology among populations of any age, gender or health statusDescribe and critically evaluate the available evidence on the measurement properties, with attention also paid to the feasibility and usability of these measurement approachesProvide recommendations on the most suitable and effective ways of measuring tobacco use, alcohol misuse, physical activity, diet, sedentary behaviour and sleep patterns using smartphones

Methods {#Sec2}
=======

This systematic review has been registered with the International Prospective Register of Systematic Reviews (PROSPERO: CRD42019122242). This systematic review protocol was written in accordance with the Preferred Reporting Items for Systematic Review and Meta-Analysis Protocols (PRISMA-P) guidelines (see additional file [1](#MOESM1){ref-type="media"}) \[[@CR28]\]. The systematic review itself will also be written in accordance with the PRISMA statement.

Eligibility criteria {#Sec3}
--------------------

Published studies with any type of study design, involving participants of any age, gender, geographical area and health status, were eligible for inclusion in the proposed review. To be eligible for inclusion, published studies needed to be written in English, published after 2007, and describe a smartphone-based approach to measuring at least one of the following behaviours via a smartphone: tobacco use, alcohol use, physical activity, diet, sedentary (sitting time and screen time) and sleep patterns. Studies were required to report on at least one measurement property identified in the COSMIN Taxonomy of Measurement Properties (see Table [1](#Tab1){ref-type="table"}). Table 1COSMIN taxonomy of measurement properties \[[@CR29]\]**DomainMeasurement propertiesDefinitionReliability** (The degree to which the measurement is free from measurement error)Internal consistencyThe degree of the interrelatedness among the itemsReliabilityThe proportion of the total variance in the measurements which is due to 'true' differences between patientsMeasurement errorThe systematic and random error of a patient's score that is not attributed to true changes in the construct to be measured**Validity** (The degree to which an instrument measures the construct(s) it purports to measure)Content validity (including face validity)The degree to which the content of an instrument is an adequate reflection of the construct to be measuredConstruct validity (including structural validity, hypothesis testing, cross-cultural validity)The degree to which the scores of an instrument are consistent with hypotheses (for instance, with regard to internal relationships, relationships to scores of other instruments or differences between relevant groups) based on the assumption that the instrument validly measures the construct to be measuredCriterion validityThe degree to which the scores of an instrument are an adequate reflection of a 'gold standard'**Responsiveness**ResponsivenessThe ability of an instrument to detect change over time in the construct to be measured

Studies were excluded from the systematic review if they describe only the feasibility of the measurement approach without describing at least one other measurement property. Similarly, studies that describe the methodological effectiveness of a wearable device (e.g. Fitbit) alone or a wearable device integrated with a smartphone in a way that does not complement its functionality (e.g. studies describing cases where the smartphone is used only to gather data from the device and send it to a server) were not included. Studies that measure physical activity as mobility or technique only were not included. Finally, studies that describe the methodological effectiveness of using text messaging or a website only to measure health behaviours were also not included.

Search strategy {#Sec4}
---------------

A research librarian developed a database search strategy in consultation with members of the review team. The following electronic databases will be searched (from January 2007 to March 2020): Ovid MEDLINE, Embase (Elsevier), Cochrane Library (Wiley), PsychINFO (EBSCOhost), CINAHL (EBSCOHost), Web of Science (Clarivate), SPORTDiscus (EBSCOhost) and IEEE Xplore Digital Library. The search will be limited to English language and studies involving human subjects. Only studies published after 2007 will be included in the review. The start date of 2007 was chosen as it is the year in which the first mobile phones with large capacitive touchscreens using direct finger input, as opposed to a stylus or keypad, were released. The search strategy will involve the use of commonly used database-specific subject headings and free-text keywords appearing in the title and abstract across three search groups. The first search group will contain terms for 'the Big 6' (i.e. tobacco use, alcohol use, physical activity, diet, sedentary behaviour/recreational screen time and sleep patterns). The second group will contain terms associated with smartphones, while the third group contained search terms related to methodological effectiveness. The three search groups will be combined using Boolean operators to identify studies and review articles examining the methodological effectiveness of using smartphones to measure at least one of 'the Big 6' health behaviours. The search terms will be initially developed for MEDLINE and adapted for the other databases. A draft search strategy for MEDLINE is provided as additional file (see additional file [2](#MOESM2){ref-type="media"}). The searches will be supplemented by cross-checking reference lists of relevant and key publications. All papers identified in the search strategy will be exported into a citation management system (Endnote) for de-duplication and uploaded to the Covidence online software program for screening. Prior to extracting data from the references, the reference lists of eligible papers will be reviewed to identify other relevant studies, and recent related systematic reviews will be consulted to identify any additional studies.

Data extraction and screening {#Sec5}
-----------------------------

The Covidence online program will be used to manage records and data throughout the review. Articles will be screened by one reviewer using Covidence against the inclusion and exclusion criteria using titles and abstracts. Those articles that meet the criteria based on title and abstract will have the full text double screened, according to the eligibility criteria, by two of seven members of the research team blinded to each other's ratings. Any full-text articles unavailable to the research team through the university resources will be requested through inter-library loans or the corresponding author. Inter-reviewer agreement will be reported. Any disagreements will be resolved with the assistance of a third researcher.

Preliminary data will be screened, as per the protocol, and extracted by two reviewers blinded to each other's ratings, from a random sample of 10 full-text articles based upon an initial data extraction plan. Based on this pilot, the data extraction plan was adjusted and the following plan will be applied to all included full-text articles:

1\) *Publication details (author, year of publication, citation and location)*

*2) Study characteristics (sample size, age \[mean, SD, range\], gender balance, study setting, study design and study objective)*

*3) Health behaviour/s measured*

*4) Approach used to measure the health behaviour:* *If the measure is based on self-report or an objective measure of the health behaviourIf the data is collected actively or passivelyType of phone used and operating systemDetails of the mobile application used to measure the health behaviourAny specific phone sensors used to collect information about the behaviourIf a wearable device was used in conjunction with the smartphoneAvailable details regarding the algorithm used to compute the behaviour, sampling frequency, filtering applied and phone location during measurementIf the mobile app, sensors, algorithms, etch is open source*

*5) Approach used to assess the measurement properties of the approach (including all measurement properties identified in the COSMIN Taxonomy of Measurement Properties)*

*6) Findings regarding the measurement properties of the approach*

*7) Findings regarding the feasibility of the approach (e.g. compliance, usability, participant burden, participant feedback, cost to participant and incentive/reimbursement)*

*8) Any other findings or implications:* *Details of any comparison measuresAbbreviations usedAny conflicts of interest*

Where necessary, the corresponding author of included studies will be contacted by email to obtain any required data not presented in the published paper.

Outcomes {#Sec6}
--------

The primary outcomes of this review will be the measurement properties of smartphone-based approaches to assess the six key lifestyle behaviours of interest. The specific measurement properties to be investigated (as reported) have been drawn from the COSMIN Taxonomy of Measurement Properties \[[@CR29]\]. They include internal consistency, reliability, measurement error, content validity (including face validity), construct validity (including structural validity and cross-cultural validity), criterion validity and responsiveness. The feasibility (including, but not limited to compliance, user burden, usability and cost) of the identified measurement approaches will also be assessed as a secondary outcome.

Risk of bias {#Sec7}
------------

Data assessing the quality and risk of bias for each study will also be extracted. Two reviewers will independently assess the risk of bias of the included studies using the COSMIN Risk of Bias checklist \[[@CR30]\]. Each measurement property reported, within the relevant section of the COSMIN risk of bias checklist, will be completed, and studies will receive a quality rating for that particular measurement property. Agreement between reviewers will be assessed using Cohen's kappa statistic. Any conflict between the two raters will be resolved by a third reviewer. If sufficient data is available, publication bias will be examined by inspection of funnel plots for asymmetry, and the quality of the body of evidence will be assessed using the Grading of Recommendations Assessment, Development and Evaluation (GRADE) framework.

Analysis {#Sec8}
--------

The findings regarding the measurement properties of the approaches identified will be grouped according to the health behaviour measured. Where enough consistent data exists for a particular approach to measure a health behaviour, a meta-analysis using the random effects model \[[@CR31]\] will be undertaken to provide a quantitative synthesis of the study findings and I^2^ statistic \[[@CR32]\] and Cochran's Q test \[[@CR33]\] to quantify any heterogeneity. It is anticipated however, that the data collected will be too diverse to meet the threshold for a meta-analytic approach, and in that case, a narrative synthesis method will be undertaken. Where appropriate, outcomes will be described separately for self-report and objective measurement approaches, adolescents and young adults (i.e. 10--24 years) and adults (25 years +) as well as different study designs. If sufficient data is available, subgroup analyses will be conducted to examine these variables as potential sources of heterogeneity. If additional covariates are identified and included in additional analyses, these will be reported in the final review.

One aspect of targeted improvements is an analysis of the combination of sensors used to measure the health behaviours of interest. Such an analysis may allow us to provide recommendations as to what sensors should be used for the measurement of any of the big six health behaviours. We endeavour to analyse how best to combine these sensors to allow their respective outputs to inform on the behaviour of interest to the highest degree possible. Where this information is provided, we will also take into consideration technical details such as sampling frequency and data pre-processing (such as filtering) applied.

Discussion {#Sec9}
==========

The proposed systematic review will be the first to bring together the existing evidence of the measurement properties of smartphone-based approaches to measure key lifestyle behaviours associated with increased chronic disease risk. This systematic review will inform the future use of smartphone apps to measure key lifestyle behaviours by identifying which existing approaches are more methodologically valid and reliable as well as collecting information about the nature of these approaches, including if the approach is based on self-report or objective measurement, type of device used and the specific sensors and algorithms used to calculate behaviours. This detailed information will help to inform how these measurement approaches could be implemented by clinicians to help clients better measure and manage their health behaviours, improve measurement of these behaviours in research settings and inform the development of interventions requiring accurate real-time measurement of lifestyle behaviours, such as just-in-time adaptive interventions, which have the potential to provide unprecedented opportunities to offset the trajectory toward chronic disease. Of particular interest are any methodologically sound approaches that minimise participant burden and increase compliance in outcome collection during these measurements.

This review will also attempt to investigate the use of the combination of smartphone sensors to measure health behaviours. Our results may allow us to provide recommendations as to what sensors should be used for the measurement of any of the six health behaviours. Where appropriate information is provided, we will also examine and provide recommendations regarding technical details such as sampling frequency and data pre-processing (such as filtering).

Realizing that most digital health-related studies have not been replicated, we will seek evidence for methods and tools that offer replicability. We hope to identify replicable studies but are aware that these may not exist. Thus, we will also identify apps and sensors that are open source, offer access to underlying analysis code, and are able to easily be implemented in new settings. This review will help identify those tools that will be of the greatest interest to the field today.

To date, little is understood about how the use of these digital health tools varies by age and country. As social norms around technology use, privacy considerations and access to digital devices may vary by population and age, our review will offer information on global trends in this space. Understanding which age groups are most likely to engage is an important and open question in the field, with some concern that younger people may be already so active on their smartphones that they may not pay as much attention to any new app or program. On the other hand, such digitally skilled youth may also be the ideal population to use these new tools as they already possess the knowledge and skills to optimally use them.

Despite these strengths, it is important to acknowledge some inherent limitations of our proposed approach. Firstly, by limiting our search to English language papers, we are potentially missing other smartphone-based measurement approaches discussed in the non-English literature. Unfortunately, it is beyond the expertise and resources of this review team to include articles not written in English. Secondly, due to time and resource constraints, a decision to only double-screen articles at the full-text review stage was made, meaning there is a risk that some potentially relevant articles may have been screened out at the earlier stages of the review. However, in an attempt to mitigate this limitation, all reviewers participated in training sessions where multiple reviewers independently reviewed and discussed the same selection of articles to help ensure consistency across reviewers. Finally, information regarding how apps measure the behaviours of interest, and their accuracy, is commercial-in-confidence for many commercially developed apps. For this reason, this review will not be able to comment on the measurement properties of approaches used by the large number of publicly available apps which purport to measure the behaviours of interest, but for which no evaluations have been reported in the peer-reviewed literature.

The review will aim to provide recommendations regarding which currently available mobile-based self-report measures and smartphone-based objective measurement approaches are the most suitable and effective ways to measure each of the six behaviours of interest based on the current evidence of their measurement properties. It will also identify any gaps in the existing literature and areas for improvement which could help to inform the development of new smartphone-based measurement tools.
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